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Abstract

Following up a previous study that examined public
health students’ intention to use e-resources for
completing research paper assignments, the present
study proposed two models to investigate whether or
not public health students actually used the e-
resources they intended to use and whether or not the
determinants of intention to use predict actual use of
e-resources. Focus groups and pre- and post-
questionnaires were used to collect data. Descriptive
analysis, data screening, and Structural Equation
Modeling (SEM) techniques were used for data
analysis. The study found that the determinants of
intention-to-use significantly predict actual use
behavior. Direct impact of perceived usefulness and
indirect impact of perceived ease of use to both
behavior intention and actual behavior indicated the
importance of ease of use at the early stage of
technology acceptance. Non-significant intention-
behavior relationship prompted thoughts on the
measurement of actual behavior and
multidimensional characteristics of the intention
construct.

Introduction

In order to ensure effective deployment of
information technology (IT) resources in an
organization, usage intention and actual behavior of
individual users have been heavily examined in the
IT adoption research. Intention-based models that use
behavior intention to predict usage have been widely
used. Previous studies have shown behavior intention
(BI) significantly affects actual behavior'*. However,
measures of usage intention and self-reported usage
are often collected coincidentally with the
measurement of beliefs, attitude and beliefs®, which
may produce skewed study results.

To develop a comprehensive understanding of
technology acceptance and use, the relationship
between BI and actual behavior as well as their
determinants are worth being investigated. As a
follow-up on a previous study that examined public
health students’ intention to use electronic
information resources (e-resources) for completing
research papers in a U.S. Midwestern university”®,

this study proposed two research models revised from
the previous study, aiming to answer the following
two research questions: 1) does intention to use
determine actual use of e-resources, and 2) can the
determinants of intention to use e-resources be used
to predict actual use of e-resources?

Theoretical Background

The Baseline Model

Based on the Technology Acceptance Model (TAM)’,
an extended model examining the roles of two
aspects of e-resource characteristics, namely,
information quality (IQ) and system quality (SQ), in
predicting public health students’ intention to use e-
resources for completing research papers was
proposed and tested’. The study found the five
significant causal paths, which included perceived
usefulness (USE) to BI, IQ to USE, SQ to ease of use
(EOU), EOU to USE, and SQ to IQ. The impact of
EOU on BI was mediated through USE. The impacts
that both IQ and SQ had on BI were mediated
through USE and EOU (Figure 1, arrows in bold

indicate the significant causal paths).
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Figure 1. The baseline model
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Research Models and Hypotheses

Based on the baseline model, two research models
were proposed to examine whether or not BI can
predict actual use behavior (AU) (Research model 1)
and whether the determinants of BI can be used to
predict AU (Research model 2).

Prior research has demonstrated that BI is the major
determinant of AU'"S. Empirical evidence also
suggests the direct effect of USE on AU>*''
Therefore, Research model 1 extended the baseline
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model by adding the AU construct and the causal
paths from BI to AU, and from USE to AU (Figure 2).
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Figure 2. Research model 1
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Due to the inconsistent findings about the significant
impact of BI on AU**" and the impact of USE and
EOU on AU, Research model 2 was proposed with
AU replacing Bl in the baseline model.
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Figure 3. Research model 2

With the above empirical support, three new
hypotheses were proposed:

Hypothesis 1-0: Intention to use an e-resource has a
positive effect on actual use of the e-
resource.

Hypothesis 1-3 & 2-1: Perceived usefulness has a
positive effect on actual use of e-
resources.

Hypothesis 2-2: Perceived ease of use has a positive
effect on actual use of e-resources.

The relationships of USE-BI, EOU-BI, EOU-USE,
IQ-USE, SQ-EOU, and SQ-IQ were hypothesized to
follow the causal paths in the baseline model:

Hypothesis 1-1: Perceived usefulness has a positive
effect on intention to use e-resources.
Hypothesis 1-2: Perceived ease of use has a positive
effect on intention to use e-resources.

Hypothesis 1-3 & 2-3: Perceived ease of use has a
positive effect on perceived
usefulness.

Hypothesis 1-4 & 2-4: The quality of the information
contained in e-resources has
a positive effect on perceived
usefulness.

Hypothesis 1-5 & 2-5: System quality has a positive
effect on perceived ease of
use.

Hypothesis 1-6 & 2-6: System quality has a positive
effect on information quality.

Methods

All graduate students (N=284) enrolled in the School
of Public Health during the 2008 spring semester at a
U.S. Midwestern university were given two self-
administered questionnaires. The pre-questionnaire
was distributed in late March to early April before
students started using any information resources to
search information for their paper assignments and
asked about intentions to use e-resources (BI),
perceptions of behavior beliefs (USE and EOU) and
system characteristics (IQ and SQ). The post-
questionnaire that was distributed in late April to
early May asked about actual use of e-resources (AU)
and the students’ demographic information. Face
validity and content validity of both questionnaires
were tested with two focus group interviews
following the same procedures as the previous study’.
Both questionnaires were administered through mass
emailing, including two email reminders, campus
mailing, and face-to-face distribution in class. Ten
students who attended the focus groups were
excluded from the questionnaire distribution.

Measurements

Previously developed and validated measures with 7-
point Likert scales from 1 (strongly disagree) to 7
(strongly agree) were used to measure BI, USE, EOU,
IQ, and SQ with minor wording modifications of the
questions to fit the study context’. AU was measured
by the frequency and the duration of usage of e-
resources™".

Data Analysis

Descriptive analysis, data screening, and Structural
Equation Modeling (SEM) techniques with SPSS
15.0 for Windows and AMOS 7.0 statistic
applications were conducted for data analysis.

Results

Descriptive Analysis

A total of 180 students (180/284=63.4%) responded
the questionnaire. 152 of them (152/180=84.4%)
fully completed the questionnaires, which included
135 Master students and 17 PhD students. Among
them, 133 students indicated they intended to use e-
resources to finish their paper assignments while 125
students actually used their intention-to-use e-
resources. Eight students (8/133=6.0%) used instead
print books and course materials (4), course
instructors (2), and reference librarians (2). The three
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most popular e-resources that students both intended
to use and actually used were online databases, the
Internet, and electronic journals.

Measurement Model Estimation

Data screening did not find the missing values and 24
measured items were normally distributed and no
outliers were detected. Item reliability (squared factor
loading, SFL) and construct reliability (Cronbach’s a
and composite reliability p) were tested for
psychometric soundness of the data. Except the AU
construct and its two measured items, the SFLs of 22
measured items, Cronbach’s o and composite
reliability p of 5 other constructs ranged from 0.50-
0.90 (SFL), 0.84-0.93(a) and 0.72-091 (p),
respectively, which met the criteria with SFL > 0.50,
Cronbach’s a > 0.70, and composite reliability p >
0.70".

Convergent validity was assessed with average
variance extracted (AVE). AVEs of all 5 other
constructs but AU ranged from 0.52 to 0.73, greater
than the recommended value 0.50™. Discriminant
validity is verified with the average variance shared
between a construct and its measured items, greater
than the variance shared between the construct and
other constructs'. Table 1 showed the AVE of 5
other constructs but AU on the diagonal row were
larger than the squared correlations between that
construct and other constructs.

Construct BI USE EOU 1IQ SQ

BI 0.73

USE 0.13  0.72

EOU 0.04 022 0.67

1Q 0.08 027 0.11 0.70

SQ 0.07 020 030 030 0.52

Table 1. Discriminant validity table

Although the construct AU failed to meet the criteria
of reliability and validity, considering the importance
of this construct in this study, the average value of its
two measured items was used for the following
structural model analysis.

Structural Model Analysis

Maximum likelihood estimation was employed to
compute path coefficients between constructs. Figure
4 and 5 presented the results of causal relationships
with estimated path coefficients and associated t
values of two research models (* indicates P < 0.05).
Same as the findings in the baseline model, four
hypothesized causal paths EOU->USE (H1-3 & H2-
3), IQ->USE (H1-4 & H2-4), SQ->EOU (H1-5 &
H2-5), and SQ->IQ (HI-6 & H2-6) were found
significant. In Research model 1, only USE, not EOU
(H1-2) significantly affected BI (H1-1). Similarly,
USE, not EOU (H2-2), was found significantly and
directly affecting AU (H2-1) in Research model 2.

The study did not find the significant impact of BI on
AU (H1-0).
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Figure 4. Path coefficients in the research model 1
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Figure 5. Path coefficients in the research model 2

Overall, Research model 1 explained 13.4% variance
in BI and 6.7% in AU while the variance accounted
for in AU in Research model 2 was 6.3%.

The overall fit of the two research models was tested
and all model fit indices met the recommended
criteria® (Table 2).

Model Fit Criteria Research Research
Index Model 1 Model 2
X P>0.05 P=0374 P= 0366
X/df <3.00 1.072 1.066
GFI >0.90 0.987 0.994
AGFI >0.80 0.945 0.955
NFI >0.90 0.972 0.988

CFI >0.90 0.998 1.000
RMR <0.09 0.044 0.027
RMSEA <0.10 0.023 0.007

Table 2. Model fit indices report

Discussion

Theoretical Implications

The study found no significant impact of behavior
intention on actual use (H1-0) and low correlations
between intention and behavior (r=0.13), which differ
from the prior study findings'®'®. The poor
measurement of AU and the weaknesses of subjective
self-reported usage may explain the inconsistency.
Some scholars suggested that self-reported usage
measures are biased or relative so that it can not
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accurately represent actual usage'”. In the case of this
study, it is possible that students’ perceptions about
“how often” (frequency) and “how many total hours”
(duration) they actually used e-resources reflect only
their general usage of e-resources in different
contexts and at different times. Although previous
studies suggested both significant causal relationships
between behavior intention and subjective self-
reported usage'® as well as between intention and
objective usage records (e.g., computer logs and
actual counts)*®, many studies found that self-
reported usage was related more to behavior beliefs
and behavior intentions than computer-recorded
system usage>*'*"”. Relationships between users’
perceptions about behavior beliefs, behavior
intentions and actual usage with objective
measurements at the different times of the technology
implementation process is worth being further

investigated to improve the predictive power of TAM.

A possible cause of discrepancy between intention
and behavior is changes in intention due to new
information or unforeseen obstacles to action'®".
Instability of intention along the user-system
interaction may cause the inconsistent findings of

intention-behavior relationship in previous studies*”'.

Same causal relationships among USE, EOU, IQ, SQ,
and AU found in Research models comparing to the
baseline model indicated the determinants of
intention to use can be used to predict actual use of e-
resources. This finding implies that intention may
disappear or remain stable through time. Therefore,
measuring intention and actual behavior at different
times during the implementation process may yield
different intention-behavior relationships. In addition,
the questions of “Do you intend to do X?” and “Will
you do X?” seems redundant but indicate two
different sub-concepts of intention: intention to
perform a behavior and subjective estimates of
actually performing a behavior'*”. They denote
different degrees of attempt to perform a behavior.
Therefore, decomposing the intention construct into
intention stability and strength as well as intention to
perform a behavior and subjective estimates of
actually performing a behavior would improve both
predictive and explanation power of TAM.

Practical Implications

The study found perceived usefulness had the
significant impact on both intention to use and actual
use of e-resources while the effect of ease of use on
intention to use and actual use was mediated by
perceived usefulness. These results imply that in a
work/study-related setting, e-resources that can
provide useful information will be used because
useful information helps students improve their
professional/academic performance and ease of use is

not the students’ major concern for deciding to use
the e-resources because they had some experience of
using e-resources and knew how to use them. Davis’,
Chang®, and Szajna* found that when users have no
or little previous experience of using a system, they
usually pay more attention to the system’s ease of use
rather than its usefulness, but once familiarized with
the system, system’s usefulness is the major concern
for whether or not to continue using the system.
Therefore, users’ first impressions about a system’s
ease of use will open the door to further explore the
system, and if the system can also provide useful
information, it is easier for users to accept the system
eventually. However, if the system is not perceived to
be easy to use from the start, users may “turn off” to
the system and it would be hard to get users to adopt
later despite improvements made to the system’.
Therefore, emphasizing systems’ ease-of-use should
be the focus in the early training during the system
implementation process. Both usefulness and ease of
use factors coact to drive the eventual technology
adoption while ease of use plays a very important
role in early acceptance and usefulness is an
important factor that affects the continuance
acceptance. That both IQ and SQ impacted BI and
AU via USE and EOU indicates that IQ and SQ are
two important system characteristics that provide the
specific diagnostic information for system designers
and adopters at any stage of a system’s
implementation or usage process.

Study Limitations and Further Studies

Low variances explained in behavior intention
(13.4%) and in actual use (6.7% & 6.3%) indicate
there are other factors affecting behavior intention
and actual behavior besides the system utility and
usability. Interactions between technologies and users
account for only some reasons for technology
acceptance challenges. How IT deployment strategies
and other organizational factors impact users’ beliefs
about technology and subsequent use of technology
during the technology implementation process need
to be examined.

Some studies found that the effects of behavior
beliefs and behavior intention on actual use change
over time with wusers employment of the
technologies'*®. Given that intention’s length and
strength are subject to change over the time',
longitudinal study on the impact of intention on
actual behavior at different points of time would
provide a comprehensive picture about how long
intentions last, when it had the strongest relationship
with actual behavior, and when it disappears. This
would allow IT adopters to identify the best times to
conduct interventions (e.g., training and promoting)
for enhancing technology adoption.
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Conclusion

The present study proposed two revised models based
on the baseline model tested in a previous study to
investigate the intention-behavior relationship and the
determinants of public health students’ actual use of
e-resources. Study findings provide thought-
provoking theoretical and practical implications to
researchers, system designers, and IT adopters.
Particularly, direct impact of perceived usefulness
and indirect impact of perceived ease of use to both
behavior intention and actual behavior indicated the
importance of ease of use at the early stage of
technology acceptance. Non-significant intention-
behavior relationship prompted the thoughts on the
measurement of actual behavior and
multidimensional characteristics of the intention
construct.
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